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[Abstract]

Wrinkles are one of the main features of skin aging. Conventional image processing-based wrinkle detection is difficult to effectively
cope with various skin images. In particular, Wrinkle extraction performance is significantly decreased when the wrinkles are not strong
and similar to the surrounding skin. In this paper, deep learning is applied to extract wrinkles from microscopic skin images. In general,
the microscope image is equipped with a wide-angle lens, so the brightness at the boundary area of the image is dark. In this paper, to
solve this problem, the brightness of the skin image is estimated and corrected. In addition, We apply the structure of semantic
segmentation network suitable for wrinkle extraction. The proposed method obtained an accuracy of 99.6% in test experiments on skin
images collected in our laboratory.
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Table. 1. Detailed architecture for wrinkles segmentation

Layer Output Shape Activation
input_1 (512,512,1)

conv2d_1 (512,512,16) RelLU
conv2d_2 (512,512,16) RelLU
conv2d_3 (512,512,16) RelLU
add_1 (512,512,16)

max_pooling2d_1 (256,256,16)

conv2d_4 (256,256,32) RelLU
conv2d_5 (256,256,32) RelLU
conv2d_6 (256,256,32) RelLU
add_2 (256,256,32)

max_pooling2d_2 (128,128,32)

conv2d_7 (128,128,64) RelLU
conv2d_8 (128,128,64) RelLU
conv2d_9 (128,128,64) RelLU
add_3 (128,128,64)

max_pooling2d_3 (64,64,64)

conv2d_10 (64,64,128) RelLU
conv2d_11 (64,64,128) RelLU
conv2d_12 (64,64,128) RelLU
add_4 (64,64,128)

max_pooling2d_4 (32,32,128)

conv2d_13 (32,32,256) RelLU
conv2d_14 (32,32,256) RelLU
conv2d_15 (32,32,256) RelLU
add_5 (32,32,256)

up_sampling2d_1 (64,64,256)

concatenate_1 (64,64,384)

conv2d_16 (64,64,128) RelLU
conv2d_17 (64,64,128) RelLU
up_sampling2d_2 (128,128,128

concatenate_2 (128,128,192

conv2d_18 (128,128,64) RelLU
conv2d_19 (128,128,64) RelLU
up_sampling2d_3 (256,256,64)

concatenate_3 (256,256,96)

conv2d_20 (256,256,32) RelLU
conv2d_21 (256,256,32) RelLU
up_sampling2d_4 (512,512,32)

concatenate_4 (512,512,48)

conv2d_22 (512,512,16) RelLU
conv2d_23 (512,512,16) RelLU
conv2d_24 (512,512,2) RelLU
reshape_1 (262144,2)

softmax (262144,2)
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Fig. 5. Loss and accuracy curve for winkles detection.
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Fig. 6. Results of winkles segmentation. left-raw image, middle-ground truth image, right-predicted image.
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